INTRODUCTION
Elucidating function of uncharacterized proteins is one of the most important tasks in molecular biology. Bioinformatics is expected to play a significant role for this task given the fact that computational methods are quick in screening existing data. 1-5 Function annotation for newly determined genes and genomes by sequence database searches 6 has long become a routine in wet biology laboratories. Recently, the urgent need was raised for function elucidation for protein structures due to the increasing number of protein structures of unknown function that have been solved by structural genomics projects. 7 As of this writing, there are over 3200 structures of unknown function deposited in the Protein Data Bank (PDB). 8 In the post structural genomics era, making use of protein structure data for functional studies both by high-throughput experimental methods and computational methods is of the highest priority. [9] [10] [11] Function of proteins has broad meaning and can be classified into different semantic classes. For example, the Gene Ontology 12 classifies vocabulary of functional terms into three major categories, biological process, molecular function, and cellular component. In this work, we focus on predicting binding small ligand molecules for proteins. Ligand binding is an essential role of proteins in a cell and thus provides clues of protein function in all the GO categories. Binding ligand prediction also has a broader impact to applications such as computational drug discovery 13 and protein design. 14 A binding ligand for an uncharacterized protein can be predicted by evaluating the similarity of either the whole protein structure 15 
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pocket comparison in the past. In the Catalytic Site Atlas, 17 AFT, 18 and SURFACE, 19 a functional site is represented as a set of few residue positions and the root mean square deviation (RMSD) is computed as the measure of the similarity between a query and a site in the database. SiteBase 20 and MultiBind 21 use geometric hashing for comparing conformation of pseudocenters of residues in ligand-binding sites. A method introduced by Hoffmann et al. 22 applies a convolution kernel method for comparing surface atom positions and charges at ligand-binding sites.
An alternative approach to the residue/atom-based representations is to describe protein surface of a binding pocket. 23 A surface representation describes geometrical and physicochemical properties of a pocket on a continuous surface often discarding residue type information. Thus, they are less dependent on available homologous structures from which the features are extracted. The eF-seek method represents a protein surface as a graph with nodes charactering local geometry and the electrostatic potential. 24 A maximum subgraph matching algorithm is used for seeking similar sites in two proteins. The Thornton group explored the use of spherical harmonics in representing and comparing protein pockets. 25, 26 The property-encoded shape distributions method by Das et al. 27 extended the D2 shape distribution method 28 so that surface properties can also be incorporated. In our previous work, we introduced a pose independent binding pocket comparison method, named Pocket-Surfer, which uses the pseudo-Zernike descriptors and the 3D Zernike descriptors (3DZD) to quantify the similarity of the global surface shape and the electrostatic potential of binding pockets. 29 Pocket-Surfer allows real-time pocket database search, and it was shown that it performed superior to existing methods. 5, 29 These pocket comparison methods describe the property of binding pockets as a whole. However, studies have found that often binding pockets of the same ligand show variation in their shape and physicochemical properties. 26, 30 The variation in the geometrical and physicochemical properties is due to several different reasons. For example, some ligand molecules can take different conformations on binding. Often, additional ligand molecules or water molecules bind at the same pocket, which results in change in the overall pocket shape and associated properties. However, even with such pockets that do not exhibit overall shape and physicochemical similarity, there are usually local regions that show consistent properties across different proteins. Based on this observation, we propose a new perspective on binding site comparisons, which evaluates the similarity of binding pockets by the combination of similarity of its local patch regions. The proposed method, named Patch-Surfer, segments the binding pockets to circular patches and compares them using a weighted bipartite matching algorithm. Two geometric properties, the surface shape and the visibility, 31 and two physicochemical prosperities, the hydrophobicity and the electrostatic potential, of the patches are encoded with the 3DZD, a mathematical series expansion of a three-dimensional function, 32 which offers a compact and rotationally invariant representation of the patch properties.
We benchmarked Patch-Surfer on three binding pocket datasets. Pocket retrieval results on the first dataset compiled by Kahraman et al. 33 showed that Patch-Surfer performed overall better than Pocket-Surfer, 29 our previously developed pocket comparison method that captures global similarity of pockets. Then the parameters trained on the Kahraman dataset were further tested on the extended Kahraman dataset to examine the transferability of the parameters. Subsequently, the result of the third dataset, the Huang 34 dataset, was shown to validate that Patch-Surfer can perform well for different sets of ligandbinding pockets. The method was further applied for ligand unbound and predicted pockets. Overall, PatchSurfer showed better accuracy compared with PocketSurfer 29 and other pocket descriptors. As intended, the accuracy showed large improvement for flexible ligand molecules, which bind to pockets in different conformations. Further, Patch-Surfer allows a fast ligand pocket database screening owing to the compact representation of patches with the 3DZD. A search against a database of over 5000 representative pockets (the current size of PDB) takes approximately only 3 min 20 s.
MATERIALS AND METHODS

Ligand-binding pocket datasets
Three datasets of ligand-binding pockets were used for benchmark. The datasets consist of the tertiary protein structures with a bound ligand molecule, which are solved by X-ray crystallography. Redundancy of entries was removed so that sequence similarity between any pairs of proteins in each dataset is kept under 30%. The first dataset, compiled by Kahraman et al. 33 consists of 100 pockets, each of which binds to one of the following nine ligands: adenosine monophosphate (AMP), adenosine-5 0 -triphosphate (ATP), flavin adenine dinucleotide (FAD), flavin mononucleotide (FMN), alpha-or beta-Dglucose (GLC), heme (HEM), nicotinamide adenine dinucleotide (NAD), phosphate (PO4), or 3-beta-hydroxy-5-androsten-17-one (AND), and estradiol (EST), which are two types of steroids (STR). Table IA lists detailed information the binding pockets. This dataset has been also used in our previous work of Pocket-Surfer. 29 The second dataset, the extended Kahraman dataset (Table IB) , is designed to test the transferability of the parameters trained with the original Kahraman dataset. The dataset consists of 144 proteins that bind to one of the following eight ligands, AMP, ATP, FAD, FMN, GLC, HEM, NAD, and PO4, as listed in the Table IB . This dataset provides different structures to the same ligand molecules as the original Kahraman set. STR was removed from this dataset because STR contains two similar but different molecules as mentioned above. Proteins share the sequence identity of less than 30% to each other within this extended Kahraman dataset and also with any proteins in the original Kahraman dataset (Table IA) . In these protein structures, more than 30% of the ligand atoms are within 4.5 Å to the protein surface atoms. The structures of the nine ligands in the Kahraman and the extended Kahraman dataset are shown in Figure 1(A) .
The third dataset, the Huang 34 dataset, is for examining pocket retrieval performance of Patch-Surfer on different ligand types as well as on ligand unbound pockets. Total of 146 proteins are selected which bind either one of the following 12 ligand molecules (Table IC) : adenosine (ADN), biotin (BTN), fructose 6-phosphate (F6P), fucose (FUC), galactose (GAL), guanine (GUN), mannose (MAN), O1-methyl mannose (MMA), 2-phenylimidazole (PIM), palmitic acid (PLM), retinol (RTL), and 2 0 -deoxyuridine 5-monophosphate (UMP). From the dataset of the same name used in our previous work, 29 we exchanged several PDB entries so that proteins do not share 30% or more sequence identity within the same ligand-binding proteins and also between proteins with different ligand type. When ligand unbound proteins (rightmost column in Table IC) are used as queries, homologous proteins that share 30% or more sequence identity are removed from the dataset. The structures of the 12 ligands are shown in Figure 1 (B). a The pocket size is defined as the average distance from the center of the mass of the pocket to the pocket surface.
b
The average number of seed points in the pockets. Computing protein surface properties
The protein tertiary structure is represented by its surface shape. The surface of a protein is computed with the Adaptive Poisson-Boltzmann Solver (APBS) program, 35 which defines the surface as the boundaries of solvent accessible and solvent excluded regions. Surface shape information is stored in a 3D grid where grid points (voxel) that overlap with the protein surface are specified. For example, a 300 residue long protein fits into a 3D grid of the size 129 3 129 3 129 with a grid interval of 0.5 Å .
In addition to the geometrical shape, the protein surface is characterized with three other properties: the electrostatic potential, the hydrophobicity, and the visibility. These properties are assigned to each surface voxel. The electrostatic potential is computed with the APBS program, which solves the Poisson-Boltzmann equation. For the hydrophobicity, we use the Kyte-Doolittle hydrophobicity scale. 36 The Kyte-Doolittle hydrophobicity scale assigns a value between 24.5 (hydrophilic) and 4.5 (hydrophobic) to amino acid residues. To obtain the hydrophobicity of each voxel, first, each surface voxel is assigned with the hydrophobicity value of the closest Homologous structures to the unbound proteins are underlined, which are used to identify ligand-binding pockets of ligand unbound proteins. They are removed from the dataset when unbound structures are used as query. c The unbound structures are used only for results in Table V. amino acid residue, and then values are smoothed by averaging hydrophobicity values assigned to its neighboring surface voxels that are within two voxels apart. The surface visibility 31 indicates concaveness or convexness of a voxel. We defined the visibility of a voxel as the ratio of voxels occupied by the protein among the all the voxels within 5 Å to the target voxel. The visibility value ranges from 0 to 1.0 where 0 indicates the voxel is not close to a protein and 1 indicates that the voxel is completely buried in the protein. A large visibility value indicates that the voxel locates at a concave region of protein surface. As will be discussed later, the four properties of surface points are represented as the 3DZDs.
Pocket extraction by ray casting
The surface of a pocket region in the protein is extracted. The pocket surface is extracted by casting rays from the center of the ligand-binding pocket after the protein surface properties are computed. A pocket is defined as surface points that are encountered by rays cast from the ligand center position. If the position of a binding ligand is known, the center of mass of the ligand atoms is used to represent the center of the pocket location. In case the ligand-binding position is not known, the ligand-binding site prediction method, LIGSITE, 34 is used to predict the center of the binding pocket.
Local surface patch extraction
A pocket region is represented by a group of surface patches. A surface patch, which will be referred later simply as a ''patch,'' is a connected single surface region within a specified distance (5-8 Å is tested) from a center point (voxel) called a ''seed.'' The steps in seed selection are as follows: first, surface atoms of the selected pocket are determined as heavy atoms of residues within 3.5 Å to the pocket surface. Second, the first seed is selected from surface points that are closest to one of the surface atoms. Then the rest of seeds are determined by applying an iterative procedure of selecting a closest surface point for each of the surface atoms that is not closer than 3.0 Å to seed positions that are already selected. These steps distribute patches evenly on the pocket surface. On average there are 22.7 seeds (thus 22.7 patches) for a pocket.
Surface patch representation using the 3DZD
The four surface properties, the geometrical shape, the electrostatic potential, the hydrophobicity, and the visibility, mapped on a patch at the seed point x are considered as 3D grid functions, that is, f shape (x), f ele (x), f hyd (x), and f vis (x), respectively, which are represented by the 3DZD. The 3DZD allows compact and rotationally invariant representation of 3D objects (i.e., a 3D function). 32,37 Later, we provide a brief mathematical derivation of the 3DZD. For more detail, see two previous studies of the 3DZD. 32,37 The 3DZD has also been successfully applied to various protein and ligand structure analyses, 23 A 3D function, f(x), which contains a surface property of a patch, is expanded into a series in terms of ZernikeCanterakis basis 32 defined as follows: . To obtain the 3DZD of f(x), first, 3D Zernike moments are computed, which are defined by the expansion in this orthonormal basis:
Then, the 3DZD, F nl , is computed as norms of vectors X nl . The norm gives rotational invariance to the descriptor:
The parameter n is called the order of 3DZD and it determines the resolution of the descriptor. n defines the range of l and a 3DZD is a series of invariants [Eq. (3)] for each pair of n and l, where n ranges from 0 to the specified order. We use order n 5 15 (72 invariants) in the local surface patch comparison. Finally, the obtained 3DZD is normalized to a unit vector by dividing each moment by the norm of the whole descriptor. This normalization is found to reduce dependency of 3DZD on the number of voxels used to represent a protein. 42 The 3DZD for the electrostatic potential, f ele (x), and the hydrophobicity, f hyd (x), are computed for voxels with a positive value and those with a negative value separately, and then concatenated to result in a vector of 72 3 2 5 144 invariants. This additional step is necessary to capture a spatial distribution of positive and negative values as we discussed in our previous work. 42 Thus, f shape (x) and f vis (x) are represented by a vector of 72 invariant values while vectors for f ele (x) and f hyd (x) have 144 invariants.
Using the 3DZDs, a surface patch at the i-th seed of a pocket P is described by the surface patch descriptor spd p i , which consists of the coordinate of the seed, s
, and normalized local 3DZDs, lzd P i ,shape , lzd P i ,hyd , lzd P i,ele , and lzd P i,vis , which are computed for the four features, shape, hydrophobicity, electrostatic potential, and visibility values that are mapped onto the surface points, f shape (x), f ele (x), f hyd (x), and f vis (x). A pocket P covered with n patches is represented as a set of the patches. Namely,
The pocket descriptor is illustrated in Figure 2 (A).
Procedure of pocket comparison
The similarity of two pockets is quantified as a score that considers the distance of matched pairs of patches from the two pockets, the relative distance between the patches within each pocket, and the size of the pockets (Fig. 2) . A query pocket A and a pocket B in a database are compared in the following three steps: (1) computing the distance of local surface patch pairs from the two pockets; (2) finding the corresponding matching pairs of patches from pockets A to B; and (3) computing the overall distance score of the two pockets. Later, we explain each step of the procedure. 
where w B j,t are the weighting factor for each property type t [ {shape, hyd, ele, vis} of the j-th patch of pocket B. L2(lzd A i,t , lzd B j,t ) is the L2 norm (the Euclidian distance) between two 3DZDs of the two patches of type t, lzd A i,t and lzd B j,t . Thus, the patch distance is weighted sum of the distances between the 3DZDs of the four surface properties, shape, hydrophobicity, electrostatic potential, and visibility, which characterize the patches. The weighting factors in Eq. (4) are for normalizing the difference of the value distribution of the four properties. The weighting factors consider the average (avg) and the standard deviation (std) of the Euclidian distance computed for 3DZDs of patches at the equivalent position in binding pockets of the same ligand type in the dataset. The weight for the feature t of the i-th patch in pocket P is defined as follows: Patches are matched so that the resulting matched patch pairs in the two pockets have the total minimum distance score. This problem is known as the weighted bipartite matching problem with only a difference being that our problem needs minimization of the score, whereas the original problem seeks for maximization of a score. The weighted bipartite matching problem can be approximately solved by the auction algorithm. 48,49 The distance score of each pair of patches is computed using Eq. (4). We introduced a distance threshold value to the original auction algorithm so that only similar patches are selectively paired, leaving dissimilar ones out from the matching. The bipartite matching is illustrated in Figure 2 (B), and the detail of the modified auction algorithm is provided as Supporting Information Figure S1 . 3. Computing the overall distance score of the two pockets. After surface patch matching is established, the overall score of the two pockets is computed using three terms, the weighted average distance score, a term for evaluating consistency of mutual position of matched patches, and the pocket size information. The average distance score of patches is defined as
where n A is the number of patches in a pocket A, N is the number of pairs of patches from pockets A and B, and pdist is the distance score of two patches as defined in Eq. 
In addition, we also considered the difference of the pocket size because they have been found to be effective in the previous studies 29,33 :
Thus, it is computing the difference of the number of patches in the two pockets. The three terms are combined with another weighting factor, w 2 (0 w 2 1), as follows:
The weight values of w 1 5 0.3 and w 2 5 0.2 are used in the study. These weights have been found to provide the best prediction rate on the Kahraman dataset using all the four surface properties and the pocket size score [Supporting Information Fig. S2(A) ]. The second column of Table I lists the average pocket size. In Supporting Information Figure S2 (B), we also show the average prediction success rate without using the weighting factor n A /N in Eqs. (6) and (7). By comparing Supporting Information Figure S2(A,B) , it is shown that the inclusion of the n A /N term increases the prediction success rates for majority of the weight combinations forw 1 and w 2 . For example, for the weight combination w 1 5 0.3 and w 2 5 0.2 removing n A /N deteriorates the average Top-1 success rate from 0.522 to 0.450, and Top-3 success rate from 0.824 to 0.814.
Ligand type prediction score
Pockets in the database are ranked in ascending order according to the distance to a query pocket using the scoring function [Eq. (10)]. Based on the ranked pockets, we use the following Pocket_score to predict the type of binding ligand molecules for the query pocket as proposed in our previous work. 29 Using the k closest pockets to the query, the score for a ligand type F for the query pocket P is defined as
where l(i) denotes the ligand type (e.g., AMP, FAD, etc.) of the i-th closest pocket to the query, n is the number of pockets in the database, and the function d l(i),F equals to 1 if i-th pocket is of type F, and is 0 otherwise. The first term is to consider k closest pockets to the query, with a higher score assigned to a pocket with a higher rank. The second term is to normalize the score by the number of pockets of the same type F included in the database. The ligand with the highest Pocket_score is predicted to bind to the query pocket.
Performance evaluation of binding ligand prediction
Prediction performance is evaluated by the fraction of successful predictions where the correct ligand for the query pocket is predicted within top 1 or top 3 pocket scores. These are called the Top-1 and Top-3 success rate. We also use the area under curve (AUC) of the receiver operating characteristic (ROC) curve. To obtain the ROC curve, the k closest pockets in the database to the query are retrieved. Then they are evaluated by computing false positive (x-axis) and true positive (y-axis) rate at different score cutoff values. The value of k is varied from 1 to N where N is the number of pockets in the dataset. The false positive rate is defined as the ratio of the number of retrieved pockets of different ligands to the query (i.e., false positives) relative to the total number of pockets of different ligands the dataset. The true positive rate is the ratio of the number of correctly retrieved pockets of the same ligand type relative to the total number of pockets of the same type in the dataset. The false positive rate equals true positive rate, on average, in random retrieval, which yields an AUC value of 0.5.
RESULTS
Variance of properties of ligand-binding pockets
To begin with, we examined the variation of properties of pockets in the Kahraman dataset and the Huang dataset. Figure 3 shows the mapping of average Euclidian distances of 3DZDs of surface patches that are grouped and mapped according to the closest ligand atom. The maps are computed for the four properties, the shape, the hydrophobicity, the electrostatic potential, and the visibility. The figure shows different ligandbinding pockets have different levels of conservation of the properties. FUC is relatively well conserved in all four properties, whereas RTL binding pockets show a large variation in all the properties at the alcohol group at the end of the poly unsaturated side-chain (the right side of RTL in Fig. 3 ). In addition, the conserved regions can be different for the different properties. For example, PO4-binding region is the most conserved region in the ATP-binding pockets in terms of the hydrophobicity (green), whereas the same region is not well conserved in terms of the other properties, especially for the electrostatics potential and the visibility. The observed diversity of the different properties at equivalent position in binding pockets has motivated us to segment pocket surface into local patches so that the comparison can accommodate the difference in the surface properties within the pockets.
Retrieval performance of Pocket-Surfer and Patch-Surfer Next, we examine overall pocket retrieval performance of the Patch-Surfer and Pocket-Surfer using surface shape and size information on the Kahraman dataset and the Huang dataset. The resulting ROC curves are shown in Figure 4 . The performance was compared with and without pocket size information for both methods. More concretely, Eq. (8) was used for considering pocket shape, whereas Eqs. (9) and (10) were used for encoding shape and the size information for Patch-Surfer. As the pocket size information, the average number of seeds in pockets was used (Table IA for the Kahraman data set and Table  IC for the Huang dataset). The number of seeds correlates well with the molecular mass of the ligand molecules with the correlation coefficient of 0.994. For Pocket-Surfer, the average distance from the center of a pocket to the pocket surface is used following our previous work 29 (Tables IA and IC Figure 4 , we conducted a leave-one-out procedure, that is, the query pocket is excluded when the average and standard deviation of the Euclidian distance of the 3DZDs were computed to obtain the weighting factor values.
It is shown that Patch-Surfer outperforms PocketSurfer with and without pocket size information (Fig. 4 and Table II ). For the both datasets, Patch-Surfer using pocket size information performed the best followed by Patch-Surfer without pocket size. Table II summarizes the ROC AUC values of the two methods along with four similar pocket descriptors reported in previous work. 29 Legendre moments, 2D Zernike moments, and 2D pseudo-Zernike moments are two-dimensional shape descriptors, which encode two-dimensional projections of pockets that describe the distance of the pocket wall from the pocket center. The results of spherical harmonic method are taken from Kahraman et al. 33 The four descriptors are global descriptors of pockets, which are the same as Pocket-Surfer. Among these descriptors, Patch-Surfer clearly outperforms the others. Note that Pocket-Surfer was previously 29,39 shown to outperform four other existing methods, eF-Seek, 24 SitesBase, 50
Figure 3
Average 3DZD distance of four properties used to characterize pockets. The average distance of 3DZDs of patches at equivalent position in pockets is computed and mapped to the closest ligand atoms. The distance is shown in color, from cold color (smaller distance) to warm color (larger distance). The first row shows distances of surface patch shape. Second row shows the hydrophobicity. The third row shows the electrostatic potential. The last row shows the visibility. The ranges of color codes shown in the bars are average distance plus/minus two times of the standard deviation. For STR, the average distance of all patch pairs in the pockets are mapped to all the atoms because there are not many structures available for meaningful statistics (three EST and two AND).
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PROSURFER, 51 and XBsite2F 52 ; and here we show that Patch-Surfer performs even better than Pocket-Surfer.
Patch-Surfer and Pocket-Surfer with/without size information showed better retrieval performance on the Kahraman dataset than the Huang dataset. One of the reasons for poorer performance on the Huang dataset is that they are composed of similar sized pockets for smaller ligand molecules. Pockets in the Kahraman dataset have an average of 22.5 seed points with standard deviation of 11.0, whereas the Huang dataset has an average of 18.0 seeds with the standard deviation of 7.1. In addition, the Huang dataset includes pockets with ligand molecules with similar chemical structures, that is, FUC, GAL, MAN, and MMA, which are all single ring sugar molecules and were not well distinguished between each other, as we will show later.
Parameter optimization on the Kahraman dataset
In the previous section, we demonstrated that PatchSurfer performs the best among the related pocket descriptors (Table II and Fig. 4) . Here, we examine prediction performance of Patch-Surfer with different patch sizes and different combinations of surface properties (Table III) . The binding ligand type prediction was made by considering the top 18 [k 5 18 in Eq. (11)] retrieved pockets. k 5 18 was found to provide the best average prediction rate (Supporting Information Fig. S3 ). Eighteen is twice the number of ligand types included in the Kahraman dataset.
As consistent with Figure 4 , adding the pocket size information improved the prediction rate for all the combinations of properties and the patch sizes tested. For example, when the pocket size information was not used, the average Top-3 success rate by using pocket shape information only (S ---) was 0.752, which was improved to 0.867 when the pocket size information was combined. As for the patch size, four different radii, 5.0, 6.0, 7.0, and 8.0 Å were tested. We observe a moderate trend that a smaller patch size performed better for Top-1 prediction success rate, whereas larger patch sizes showed better performance for the Top-3 success rate on average. Adding more terms did not simply improve the success rate. Using all the four properties Patch-Surfer with shape, the hydrophobicity, the electrostatic potential, and the visibility (SHEV) performed best on average with the pocket size in terms of the Top-1 success rate (0.473). On the other hand, using only the shape information (S ---) showed the highest average Top-3 success rate with the pocket size information (0.867). Overall, we did not observe a single best combination of the properties that consistently performed better than the others. This observation is somewhat consistent with a previous work, 26 which reports that combining the electrostatic potential to the size information did not make consistent improvement of pocket retrieval accuracy. This may be due to the diverse nature of property conservation of ligand-binding pockets as we have seen in Figure 3 .
In the following sections, we will provide results of using the patch radius of 5.0 Å , which showed the highest average prediction rate of 0.414 for the Top-1 prediction and the second best prediction rate (0.797) when the Top-3 predictions considered. As for the property combinations, we use the shape only (S ---) and all four properties (SHEV). These two combinations had the two highest average Top-1 prediction rate over the four different patch radii, 0.471 and 0.473 respectively, when the pocket size information was used.
Prediction results of individual ligand types in the Kahraman Dataset Figure 5 shows the breakdown of prediction accuracy for individual ligand types in the Kahraman dataset. The The results are taken from Kahraman et al. 33 The results for the Huang dataset are not available because it was not used in their article.
performance of Patch-Surfer are analyzed using the two property sets, the shape only (S ---) and all four properties, that is, SHEV with and without pocket size information. For comparison, retrieval results for PocketSurfer are shown along with the results for Patch-Surfer using only the pocket size information and the result of random retrieval. In each panel in Figure 5 , the first three bars from the left show the results without using the pocket size information, whereas the next three bars are the results using the pocket size information by Pocket-Surfer, Patch-Surfer (S ---), and Patch-Surfer (SHEV), respectively. By observing the average performance over different ligand types ( Figure 5 , bottom right panel), both PocketSurfer and Patch-Surfer showed a Top-3 success rate of over 0.80. Clearly, both Pocket-Surfer and Patch-Surfer performed better than size information alone or random retrieval. Patch-Surfer with the shape information only (S ---) a Combination of the properties used for prediction are shown. The shape (S), the hydrophobicity (H), the electrostatic potential (E), and the visibility (V). outperformed over the Pocket-Surfer for both with and without pocket size. Using the pocket size information improved the prediction rates for both Pocket-Surfer and Patch-Surfer by 0.08-0.20. The best Top-3 success rate, 0.87, was achieved by Patch-Surfer using all four properties (SHEV) and pocket size information.
When assessing the prediction success rate of individual ligand types, the prediction success rate differs from ligand to ligand. For example, the Top-3 success rate by Patch-Surfer using the four properties and the pocket size (purple bars) ranged from 0.50 for FMN to 1.00 for AMP, GLC, HEM, and PO4. When only the surface shape property was used without the pocket size information (the two leftmost bars in each panel), Patch-Surfer showed better Top-3 success rate than Pocket-Surfer in seven out of nine ligand cases (two exceptions are FMN for which Pocket-surfer showed better results and NAD for which had tied performance), indicating that patches used in Patch-Surfer effectively captured the local geometrical similarity of ligand-binding pockets. The prediction accuracy of the PO4-binding pockets was perfect (1.0) even when only the pocket size was used due to its distinctively smaller pocket size (Table IA) .
Evaluation of the transferability of parameters
Next, we benchmark Patch-Surfer on the extended Kahraman dataset (Table IB) , which contains different sets of proteins that bind the same ligand molecules as the original Kahraman dataset. This dataset was used to examine how well the parameters determined with the original Kahraman dataset perform for unseen proteins. Figure 6 and Table IV compares the prediction success rates of Patch-Surfer on the original Kahraman set (xaxis) and the extended Kahraman set (y-axis) using the combination of with/without pocket size information and shape only (S ---) or all four properties (SHEV).
It is shown that the prediction performance for the two datasets is comparable. Moreover, results from the extended dataset were often better than those from the original dataset. Concretely, the Top-3 average success rate on the extended dataset was better than the original dataset for all the cases [ Fig. 6(A-D) and Table IV ]. Looking at the results for individual ligand types, several ligands have lower Top-1 success rate in the extended dataset when the pocket size information is used [ Fig.  6(B,D) ]. However, on average the Top-1 success rate was also comparable between the original and the extended datasets. Without pocket size information, the Top-1 success rate was larger for the extended dataset [Fig 6(A,C) ]. When the pocket size information is combined [ Fig.  6(B,D) ], the Top-1 success rate of the extended dataset was lower than that of the original dataset, but the difference was marginal (Table IV) . We conclude that the weighting factor values trained on the original dataset can be applied to other proteins, which are not homologous to proteins in the original dataset.
Ligand Prediction on the Huang Dataset
We further examine the prediction performance of Patch-Surfer and Patch-Surfer on the Huang dataset, which contains 12 different ligand types to those of the Kahraman dataset (Fig. 7) . Again, Patch-Surfer shows overall higher Top-1 and Top-3 accuracy when compared with Pocket-Surfer (the ''average'' panel at the bottom right). We find that ligand types that were better predicted with Patch-Surfer, ADN, PLM, RTL, and UMP, are relatively larger and more flexible, which are difficult for Figure 6 Comparison of the prediction success rate by Patch-Surfer for the original and the extended Kahraman dataset. The Top-1 and Top-3 success rates of individual ligand types as well as the average success rate over all the ligands are compared. (A) Only shape property was used (S ---); (B) the shape property was used in the combination with the pocket size infromation; (C) the shape, the hydrophobicity, the electrostatic potential and the visibility properties (SHEV) were used; (D) the four properties (SHEV) were used with the size information.
Table IV
Summary of Prediction on the Original and the Extended Kahraman Datasets
Descriptor Not using pocket size Using pocket size Pocket-Surfer (Fig. 3) . In addition, GAL and GUN are two small ligands for which Patch-Surfer performed better than Pocket-Surfer.
Patch-Surfer did not show improved performance over Pocket-Surfer for some of small pockets whose shape is well conserved. For example, pockets of BTN are consistent in shape, and have no strongly conserved region of hydrophobicity, electrostatic potential and visibility. In addition, FUC, MAN, MMA, each has a low prediction success rate by both methods due to their high mutual similarity. In fact, these ligands are known to interchangeably bind to the same protein pockets. For example, GAL and MMA bind to the same pocket in the lactoferrin crystal structures (PDB ID: 2dqvA and 2g93A). Similarly, MAN and MMA bind to the same location in lectin (1rinA and 1lobA). In addition, a crystal structure of human EPHB2 receptor (1b4fA) binds MAN and FUC at the same pocket whereas a crystal structure of glutathione synthetase (1gltA) has FUC and GAL binding in the same location. Considering the similarity of these four ligands, we also examined the success rate by grouping these ligands into a single group, saccharides (SAC). The success rate for SAC was very high (panel named ''SAC'' in the bottom row) for both Patch-Surfer and Pocket-Surfer, which also made an improvement on the overall average prediction success rate (''average SAC'' panel).
Effect of the ligand flexibility to prediction accuracy
Because one of the motivations of developing PatchSurfer is to better handle pockets for flexible ligand molecules, we examined how much the flexibility of ligands affect to the retrieval accuracy. In Figure 8 , the difference in the rank of the top ranking correct binding site by Pocket-Surfer and Patch-Surfer for each query pocket (yaxis) is plotted relative to the RMSD of ligand pairs (xaxis). The y-axis shows the rank of a binding pocket by Pocket-Surfer minus the rank by Patch-Surfer; thus, positive values indicate superior performance by Patch-Surfer. Overall, on both Kahraman and Huang datasets, PatchSurfer retrieved binding sites of the same type as query at a lower rank than Pocket-Surfer except for some ligand types [e.g., NAD in the Kahraman dataset, Fig. 8(A,B) ; MAN in the Huang dataset, Fig. 8(C,D) ]. The advantage of Patch-Surfer is more obvious when the pocket size information was not combined [ Fig. 8(A,C) ]. On the Kahraman dataset, Patch-Surfer shows large improvement in retrieving for flexible ligands, ATP, and FAD, for which many pairs have an RMSD higher than 2 Å [ Fig. 8(A) ]. In the Huang dataset, Patch-Surfer showed improved retrieval ranks for two of the most flexible ligands, F6P, and PLM, especially when the size information is not used [ Fig. 8(C) ].
Effect of global structural similarity to the retrieval performance Next, we examine how much the global structure similarity of a query protein to proteins in the database affect to the retrieval (Fig. 9 ). For both Kahraman [ Fig. 9(A,B) ] and the Huang dataset [ Fig. 9(C,D) ], no correlation was observed between the global RMSD (x-axis) of the protein structure and the rank of the retrieved pocket. Thus, Patch-Surfer is able to identify binding pockets of the same ligand type even if the global structure of the proteins is very different. This is advantageous in annotating function of proteins that do not have apparent sequence and structure similarity to proteins of known function.
Examples of pocket matching
In this section, we provide several examples that illustrate how similar patches in pockets are matched by Patch-Surfer. In these examples, all four surface properties were used to define the similarity of the patches. Figure 10 shows pairs of binding pockets of the same ligand type that have different overall pocket shape due to the flexibility of binding ligands. For these pockets, Patch-Surfer retrieved them at higher ranks than PocketSurfer by correctly identifying the corresponding surface patches. The first example is a pair of FAD binding proteins [ Fig. 10(A) ]. In the crystal structure of flavohemoglogin (1cqx, left), the bound FAD is bound in a stretched form. On the other hand, rotatable bonds of the PO4 groups in the middle of FAD have different angles when bound to thiol oxidase (1jr8, right), which induces the change in conformation of FAD and thus causing the overall binding pocket shape to be very different from 1cqx. The apparent difference in the overall shape between the two pockets made it difficult for Pocket-Surfer to retrieve the correct pocket when queried by the other (1jr8 was retrieved for a query 1cqx that was ranked 21st by Pocket-Surfer). In contrast, Patch- Surfer managed to retrieve 1jr8 as the fourth rank by identifying equivalent patches in the two pockets. In the figures, pairs of identified corresponding patches in the two pockets are shown in the same color. The next example is NAD-binding pockets [ Fig. 10(B) ]. Similar to the previous example, NAD binds to the two pockets with Figure 9 The RMSD of the global structure of proteins and the rank of the pockets retrieved by Patch-Surfer. For each query pocket, the best rank among the pockets of the same ligand type plotted (y-axis) relative to the global RMSD of the proteins (x-axis). The Combinatorial Extension (CE) program 53 was used to compute the RMSD. Points at the rightmost bar are proteins that CE could not structurally align to the query protein because their structures are overly different. Results for the Kahraman dataset is shown in (A) using the shape information only; (B) using the shape combine with the size information. Result for the Huang dataset is shown in (C) using the shape only; and (D) using the shape and the size information. Figure 10 (C-F) shows four more examples of the same ligand type binding pockets that are retrieved with a higher rank by Patch-Surfer than Pocket-Surfer. A protein with a F6P-binding pocket, 3bxh, was ranked fourth by Patch-Surfer, whereas ranked 26th by Pocket-Surfer when queried using 2r66 [ Fig. 10(C) ]. Similarly, the pair of RTL-binding proteins, 1rbp was ranked 9th and 38th by PatchSurfer and Pocket-Surfer respectively, when queried using 1gx8 [ Fig. 10(D) ]. A UMP-binding proteins, 2jar, was retrieved at the 3rd rank and the 27th [ Fig. 10(E) ] by Patch-Surfer and the Pocket-Surfer respectively, using 2qch as the query. A PLM-binding proteins, 2w3y, was ranked 3rd by Patch-Surfer, whereas ranked 28th by Pocket-Surfer when queried using 2nnj [ Fig. 10(F)] .
The previous examples shown in Figure 10 demonstrate that Patch-Surfer is more tolerant to the conformational differences in the binding pockets. However, the patch representation of pockets sometimes does not contribute to improvement of the binding ligand prediction accuracy, rather in the opposite way. The main cause of this is attributed to the shared chemical groups between ligand molecules, in which local binding surfaces are recognized as similar patches by Patch-Surfer. Figure 11 shows several of such examples. AMP, ATP, FAD, and NAD contain adenosine [ Fig. 11(A-D) ]. Binding surfaces of the adenosine moiety of these molecules are identified as similar patches by Patch-Surfer, which often makes Patch-Surfer retrieve them at high ranks when queried by each other. Figure 11 (A) is a pair of ATP-binding (left, 1b8a) and AMP-binding (right, 1kht) pockets. The obvious chemical similarity of binding pockets of these two molecules was identified by Patch-Surfer. When the original Kharaman dataset was searched from 1b8a, 1kht was ranked at the top, whereas Pocket-Surfer ranked it at 13th. In the next example [ Fig. 11(B) ], an ATP-binding pocket (left, 1dy3) was ranked at the 2nd when queried using a NAD-binding pocket (right, 1tox) by PatchSurfer (Pocket-Surfer ranked it at 43rd). Figure 11 (C) is a pair of pockets that bind NAD (left, 1s7g) and FAD (1k87), which also have the adenine group. The retrieved rank of 1k87 queried from 1s7g was the 4th by PatchSurfer and the 17th by Pocket-Surfer. The last panel [ Fig.  11(D) ] shows the binding pockets of FMN and FAD, both of which contain flavin. Pocket-Surfer recognized the difference of the overall shape of the two pockets, ranking 1ja1 (the FMN-binding pocket) at the 47th when queried from 1pox (FAD-binding pocket). On the other hand, Patch-Surfer ranked 1ja1 higher at 12th due to the recognition of the similarity in flavin-binding patches of the two pockets.
The recognition of binding regions of chemical groups does not always contribute to improvement in the prediction accuracy of binding ligands; however, it suggests that Patch-Surfer can be developed into a unique method for predicting chemical group binding sites rather than predicting the entire ligand molecules.
Binding ligand prediction for ligand unbound pockets
We have performed an additional experiment for Patch-Surfer on a set of ligand unbound pockets. The purpose of this experiment is to mimic the actual situation in which binding ligand prediction for a protein that does not have bound ligand. We use the Huang dataset (Table IC) because this dataset originates from a list of ligand bound and unbound protein pairs. 34 The RMSD value of ligand bound structure (underlined PDB IDs in the fourth column of Table IC ) and ligand-free proteins (the right most column of Table IC) ranges from 0.11 to 0.87 Å with an average value of 0.38 Å . This value is similar to a recent thorough study, 54 which reports the average RMSD of ligand-bound andunbound form is 0.74 Å . For a query protein structure without bound ligand, a ligand-binding pocket was determined in two ways. In the first method, the ligandbinding pocket taken from the bound structures was superimposed to the unbound structure using the align program in PyMOL (version 1.3). The first method is aimed to examine how the difference of the bound and unbound pocket shape affects to the retrieval accuracy. The second method uses a ligand-binding site prediction method, LIGSITE, 34 to predict the binding site in the unbound protein structure. This is aimed to directly simulate blind prediction when there is no clue in regard to the location of binding sites in the query protein. Table V summarizes the prediction results. The middle columns show the Top-1 and Top-3 prediction success rate using unbound pockets identified by superimposing ligand bound pockets. Compared with the average success rate of ligand bound pockets previously shown with graphs in Figure 7 (leftmost columns), interestingly, the success rates for the unbound pockets are comparable and in some cases success rates are even better than that of the bound pockets. These findings are consistent with the Pocket-Surfer results shown in our previous work (Fig. 9 of Ref. 29 ) . As for the results provided by using the predicted ligand-binding pockets (the right most columns), their Top-1 success rate are better, whereas the Top-3 results are worse than the bound pocket results. However, the deterioration of the Top-3 success rate for the predicted pockets is much less than what was observed for Pocket-Surfer (Table 8 in Ref. 29 ) , where the Top-3 success rate for predicted pockets went down to almost half the success rate of using bound pockets. Thus, the patch representation of pockets is more tolerant to the inaccuracies of predicted binding pockets.
Computation time
The computation time of each step in Patch-Surfer and Pocket-Surfer is summarized in Table VI . The times were evaluated on a desktop computer with an Intel core i7 at 2.67 GHz and 11 GB memory. It takes more time to prepare the pocket model of a query pocket for PatchSurfer than for Pocket-Surfer because Patch-Surfer represents a query pocket with around 20-40 surface patches, whereas the whole pocket is represented as a single object in Pocket-Surfer. Similarly, the database search by PatchSurfer against the original Kahraman dataset with 100 pockets took longer than Pocket-Surfer because the former needs identification of similar patches in the query and database pockets using the modified bipartite matching algorithm. We also measured the search speed of a dataset with 200 pockets (by duplicating the original Kahraman dataset), which resulted in 0.046 s and 7.52 s for Pocket-Surfer and Patch-Surfer, respectively. A search speed for a larger pocket database can be computed by extrapolating these two search speeds. For example, a search against 5438 pockets taken from a list of nonredundant ligand-binding protein structures in the Protein-Small-Molecule DataBase 55 (http://compbio.cs. toronto.edu/psmdb/downloads/CPLX_25_0.85_7HA.list) takes 1.04 s and 3 min 23.42 s by Pocket-Surfer and Patch-Surfer, respectively. Thus, although Patch-Surfer takes more time than Pocket-Surfer Patch-Surfer is still practically fast enough for interactive search against a database with a realistic number of entries.
DISCUSSION
In this article, we reported a new binding ligand prediction method, Patch-Surfer, which represents pockets by a group of surface patches to capture local similarity of pockets. Comparison with the previously developed method, Pocket-Surfer, which captures global features of pockets, has highlighted the Patch-Surfer's superior characteristics of identifying pockets of the same ligand type, which do not necessarily have global similarity but similar local surfaces between each other. As shown in Figure 3 , ligand-binding pockets contain conserved The values shown in parentheses are the prediction success rate computed when FUC, GAL, MAN, and MMA are grouped as SAC (saccharide) (see Fig. 7 ). a The average values of the results using ligand bound pockets, that is, the data presented in Figure 7 , are shown.
Ligand-binding regions were extracted by referring to the corresponding ligand bound pockets. c 3appA was not included because LIGSITEcsc did not make a binding site prediction near the MAN binding site. On the other hand, the patch representation occasionally leads to wrong binding ligand predictions, typically by identifying surface patches that bind to the same chemical group in different ligand molecules. Such examples of adenine moiety that is in common to ATP, AMP, FAD, and NAD are shown in Figure 11 . Although this is not desirable for binding ligand prediction, the ability of detecting local surface similarities can lead to the development of a novel method that can identify binding sites of chemical groups in protein surfaces. Such a binding chemical group prediction method could be advantageous in predicting the binding of novel ligand molecules that consist of known chemical groups. It will be also very useful in rational drug design. 56 Another direction of future development is to apply the patch-based surface recognition method to the identification of other functional regions in protein surface such as protein-proteinbinding and RNA-or DNA-binding regions.
Unlike existing binding ligand prediction methods that mainly rely on global protein structure similarity, 15 Patch-Surfer and Pocket-Surfer identify similarity of local shape and physicochemical properties of binding pockets. Our methods will be effective for annotating structures which do not have global structural and sequence similarity to known proteins. A growing number of protein structures of unknown function in PDB, indeed, do not have apparent global similarity to annotated proteins.
In summary, we have developed a new binding ligand prediction method, Patch-Surfer, which represents a pocket by a set of surface patches described with the 3DZDs. There are three major advantages of PatchSurfer: first, Patch-Surfer is capable of identifying local similarities in ligand-binding surface regions. This is effective in identifying binding pockets of the same ligand type that are flexible and binds to pockets in different conformations. Second, due to the local pocket surface comparison, the method can predict binding ligands of proteins that do not share apparent global sequence and structure similarity to known proteins in the database. Third, the use of the 3DZD enables fast comparison of binding pockets. We are currently in the process of developing a comprehensive database of binding pockets for more practical use of Patch-Surfer in binding pocket annotation for proteins. 57 Further application of a patch-based approach using the 3DZD will open new perspectives in classification and analysis of biomolecules for biological function annotation.
